Bacterial gene content variation during the course of evolution has been widely acknowledged and its pattern has been actively modeled in recent years. Gene truncation or gene pseudogenization also plays an important role in shaping bacterial genome content. Truncated genes could also arise from small-scale lateral gene transfer events. Unfortunately, the information of truncated genes has not been considered in any existing mathematical models on gene content variation. In this study, we developed a model to incorporate truncated genes. Maximum-likelihood estimates (MLEs) of the new model reveal fast rates of gene insertions/deletions on recent branches, suggesting a fast turnover of many recently transferred genes. The estimates also suggest that many truncated genes are in the process of being eliminated from the genome. Furthermore, we demonstrate that the ignorance of truncated genes in the estimation does not lead to a systematic bias but rather has a more complicated effect. Analysis using the new model not only provides more accurate estimates on gene gains/losses (or insertions/deletions), but also reduces any concern of a systematic bias from applying simplified models to bacterial genome evolution. Although not a primary purpose, the model incorporating truncated genes could be potentially used for phylogeny reconstruction using gene family content.
G
ENE content variation as a key feature of bacterial genome evolution has been well recognized (Garcia-Vallvé et al. 2000; Ochman and Jones 2000; Snel et al. 2002; Welch et al. 2002; Kunin and Ouzounis 2003; Fraser-Liggett 2005; Tettelin et al. 2005) and gained increasing attention in recent years. Various methods have been employed to study the variation of gene content in the form of gene insertions/deletions (or gene gains/losses); there are studies of population dynamics (Nielsen and Townsend 2004) , birth-anddeath evolutionary models (Berg and Kurland 2002; Novozhilov et al. 2005) , phylogeny-dependent studies including parsimony methods (Mirkin et al. 2003; Daubin et al. 2003a,b; Hao and Golding 2004) , and maximum-likelihood methods (Hao and Golding 2006, 2008b; Cohen et al. 2008; Cohen and Pupko 2010; Spencer and Sangaralingam 2009) . The pattern of gene presence/absence also contains phylogenetic signals (Fitz-Gibbon and House 1999; Snel et al. 1999; Tekaia et al. 1999) and has been used for phylogenetic reconstruction (Dutilh et al. 2004; Gu and Zhang 2004; Huson and Steel 2004; Zhang and Gu 2004; Spencer et al. 2007a,b) . All these studies make use of the binary information of gene presence or absence and neglect the existence of gene segments or truncated genes.
Bacterial genomes are known to harbor pseudogenes. An intracellular species Mycobacterium leprae is an extreme case for both the proportion and the number of pseudogenes: estimated as 40% of the 3.2-Mb genome and 1116 genes (Cole et al. 2001) . In free-living bacteria, pseudogenes can make up to 8% of the annotated genes in the genome (Lerat and Ochman 2004) . Many pseudogenes result from the degradation of native functional genes (Cole et al. 2001; Mira et al. 2001) . Pseudogenes could also result from the degradation of transferred genes and might even be acquired directly via lateral gene transfer. For instance, in plant mitochondrial genomes, which have an a-proteobacterial ancestry, most, if not all, of the laterally transferred genes are pseudogenes (Richardson and Palmer 2007) . Furthermore, evidence has been documented that gene transfer could take place at the subgenic level in a wide range of organisms, e.g., among bacteria (Miller et al. 2005; Choi and Kim 2007; Chan et al. 2009 ), between ancient duplicates in archaea (Archibald and Roger 2002) , between different organelles (Hao and Palmer 2009; Hao 2010) , and between eukaryotes (Keeling and Palmer 2001) . A large fraction of pseudogenes have been shown to arise from failed lateral transfer events (Liu et al. 2004 ) and most of them are transient in bacterial genomes (Lerat and Ochman 2005) . Zhaxybayeva et al. (2007) reported that genomes with truncated homologs might erroneously lead to false inferences of ''gene gain'' rather than multiple instances of ''gene loss.'' This raises the question of how a false diagnosis of gene absence affects the estimation of insertion/deletion rates. Recently, we showed that the effect of a false diagnosis of gene absence on estimation of insertion/deletion rates is not systematic, but rather more complicated (Hao and Golding 2008a) . To further address the problem, a study incorporating the information of truncated genes is highly desirable. This will not only yield more accurate estimates of the rates of gene insertions/deletions, but also provide a quantitative view of the effect of truncated genes on rate estimation, which has been understudied in bacterial genome evolution.
In this study, we developed a model that considers the information of truncated genes and makes use of a parameter-rich time-reversible rate matrix. Rate variation among genes is allowed in the model by incorporating a discrete G-distribution. We also allow rates to vary on different parts of the phylogeny (external branches vs. internal branches). Consistent with previous studies, the rates of gene insertions/deletions are comparable to or larger than the rates of nucleotide substitution and the rates of gene insertions/deletions are further inflated in closely related groups and on external branches, suggesting high rates of gene turnover of recently transferred genes. The results from the new model also suggest that many recently truncated genes are in the process of being rapidly deleted from the genome. Some other interesting estimates in the model are also presented and discussed. One implication of the study, though not primary, is that the state of truncated genes could serve as an additional phylogenetic character for phylogenetic reconstruction using gene family content.
METHODS
Phylogenetic analysis and genome comparison: Four bacterial groups with an abundance of completely sequenced congeneric species/strains and relatively large genome sizes were selected (listed in Table 1 with outgroup information shown in supporting information, Table S1 ). The four groups are Bacillaceae, Clostridium, Escherichia/Shigella (Escherichia, for simplicity), and Pseudomonas. Within each group, analyses were conducted separately in three clades with different levels of divergence ( Figure 1) . A large number of universally present nonduplicated genes from each clade were extracted and examined to obtain a robust phylogenetic tree. The numbers of concatenated genes (and characters) are 325 genes (335,380 characters) for clades B1 and B2; 329 genes (362,583 characters) for clade B3; 108 genes (130,531 characters) for clades C1, C2, and C3; 755 genes (809,248 characters) for clades E1, E2, and E3; and 434 genes (516,571 characters) for clades P1, P2, and P3. Alignment of each gene was generated individually using MUSCLE (Edgar 2004) followed by a concatenation of individual alignments into a single giant alignment for each clade. A maximum-likelihood tree was generated for each clade on the concatenated sequences using the PHYLIP package (Felsenstein 1989 ) version 3.67 and the rate variation parameter a in a G-distribution was estimated using the PUZZLE program (Strimmer and von Haeseler 1996) . The sum of branch lengths for each tree was used as an indicator for the divergence of the clade.
In addition to the two states, ''p'' for gene presence and ''a'' for gene absence, a new state ''f '' for fragment (truncated genes) was introduced. The method to identify members of a gene family was modified from Hao and Golding (2004) , and all paralogs in each genome were clustered as a single gene family and only one member was retained for further analysis. First, annotated protein sequences were clustered into gene families following a criterion of E-value #10 À20 and match length $85% in a BLASTP search (Altschul et al. 1997) . Gene families retained for further analysis were required to have .100 amino acids in at least one gene member, since similarity searches using BLAST have low power to detect homologs in short sequences (Altschul et al. 1997) . Genes clustered in gene families were considered as gene presence or p. Second, we further analyzed the genomes that do not have annotated protein sequences for each gene family by conducting a TBLASTN search (Altschul et al. 1997) using an annotated protein sequence as the query sequence. When a gene family has more than one annotated member, the protein sequence with the median length (the shorter of the two median genes in the case of an even number of genes) of the family was chosen as the query sequence. When no annotated protein sequence for a gene family was found in a genome, there are three possible conditions of the gene: the gene could be present (but not annotated), truncated (short in length), or genuinely absent: (1) gene presence (p) was inferred, if the BLAST hit has an E-value #10 À20 and match length $85%; (2) gene truncation (f ) was inferred, if the BLAST hit has an E-value #10 À20 but match length ,85%; and (3) hits that have an E-value .10 À20 were considered as gene absence (a). The observed patterns of gene presence/ absence/truncation are shown in Table S2, Table S3,  Table S4, and Table S5 . To access the robustness of the analysis, a different criterion of E-value #10 À10 and match length $70% in both BLASTP and TBLASTN searches was used in gene family identification (Table  S6, Table S7, Table S8, and Table S9 and Figure 2 ).
As in Hao and Golding (2004) , the ''single link'' method (Friedman and Hughes 2003) was employed to define gene families (e.g., if A and B are in a family and B and C are in a family, then A, B, and C are in a family). By doing this, there is an increased risk of a truncated gene being mistakenly identified as ''present'' (Hao and Golding 2008a) . The risk would become higher, when more genomes are compared. To avoid such a problem as much as possible, we limit the number of taxa in each clade to five, which also makes the computation less demanding.
The mathematical model: The transitions among p's, f 's, and a's are defined by a 3 3 3 instantaneous rate matrix Q with stationary probabilities (p a , p f , p p ). Here p a 1 p f 1 p p ¼ 1, and the matrix Q is reversible,
where a, b, and g are the rate ratios between the state pairs af, ap, and fp, respectively. They are also known as the exchangeability terms. For instance, "x, y 2 {a, f, p}, x 6 ¼ y, Q(x, y) is the rate at which state x changes to state y, and all entries satisfy p x Q(x, y) ¼ p y Q(y, x). When gene truncation is not considered, there is no f state and the matrix would be reduced to
which has been used in previous studies (Cohen et al. 2008; Spencer and Sangaralingam 2009; Cohen and Pupko 2010) . When p a ¼ p p ¼ 0.5, the matrix entries Q(a, p) and Q(p, a) ¼ 1 (see Equation 3 below for detail), or
and the model is equivalent to that used in Hao and Golding (2006, 2008b) and Cohen et al. (2008) . This model is labeled M 00 in Table 3 . To reduce the number of parameters to be optimized, the a-parameter in the Q 333 matrix was fixed to be 1. It is a standard practice to allow only calibrated rate matrices; i.e., Q satisfies
so that a rate parameter (shown as m below) is the average number of transition events per gene family per evolutionary time. The transition probability matrix is
where t is the branch length based on nucleotide sequences, and m is a rate parameter. Since some patterns are not observable, we calculate the likelihood conditional on a pattern being observable, L i 1 as suggested in Felsenstein (1992) ,
where L i -is the likelihood of unobservable patterns for gene family i. For cases where a number of patterns are unobservable, each such pattern is a disjoint event, and summation is taken over all unobservable patterns to get L i -,
where U is the set of unobservable patterns (Table S10) , and L jÀ is the likelihood of the jth unobservable pattern. Here L i À has the same value for all i. Rate variation was also considered in a similar manner to nucleotide rate heterogeneity in phylogeny reconstruction (Yang 1994; Felsenstein 2001) . A discrete G-model with eight rate categories (M ¼ 8 categories) was implemented in the maximum-likelihood estimation. The likelihood on gene family i is the sum of likelihoods for each rate category n for that gene family weighted by the category probabilities p n ,
where P M n¼1 p n ¼ 1. After incorporating a discrete G-model as done in Spencer and Sangaralingam (2009) , the likelihood of observing the pattern of gene family i will be
First, parameters were estimated by assuming p a , p f , and p p to be the frequencies of each character state in the data. This is called model M 0 . In the case of only two characters (a, p), model M 0 is when p a and p p are the frequencies of each character state in the data, and another model, in which p a and p p ¼ 0.5, was introduced (called model M 00 ) since it has been used in previous studies (Hao and Golding 2006, 2008b; Cohen et al. 2008) . Then p a , p f , and p p were treated as parameters to be optimized and hence called model M 0 1 p. Finally, a discrete G-distribution was incorporated (model M 0 1 G 1 p). All free parameters were estimated such that they maximize the likelihood of the data. This was achieved using the Nelder-Mead simplex method (Nelder and Mead 1965) , which is slower than some gradient-based methods and the EM method but less likely to be misled to local maxima (Yap and Speed 2005; R Development Core Team 2008) . To further reduce the chance of being trapped in local maxima, different initial values were used, and the final estimates with the highest likelihood were picked.
RESULTS
In this study, information on truncated genes was incorporated into the maximum-likelihood model. Analyses were conducted in four bacterial groups, and each group contains three clades with different levels of divergence (Table 1 and Figure 1) . The results reveal that closely related clades have higher rates of gene insertions/deletions (m) than distantly related clades ( Figure 2 and Table 2 ). This trend holds throughout all four groups, and the use of different cutoff thresholds on identifying gene families yields remarkably similar results ( Figure 2 and Table S11 ). This is consistent with previous findings that recently acquired genes have high rates of gene turnover (Daubin and Ochman 2004; Hao and Golding 2004, 2006) . Under the M 0 1 p model (Figure 2) , the stationary probability p a is positively associated with the tree length of each clade. It is important to clarify that the tree length is not an estimate from the gene insertion/deletion model. Indeed, it is the sum of branch lengths based on nucleotide substitution and it was used as an indicator for the degree of divergence in the clade.
To further access the robustness of using two different cutoff thresholds, we plotted the distribution of length variation in reciprocal best BLASTP hits from 24 selected genome pairs (see Figure S1 for details). Genome pairs Cph-Cth in C3 and Sfl-Sdy in E1 show the highest level of length variation ( Figure S1 ). Then we plotted the DNA distance and K a /K s ratio of these homologs ( Figure S2 ). All examined genome pairs have a median DNA distance ,1.0 and a median K s /K s ratio ,0.2 ( Figure S2 ). Among the examined genome pairs, Cph-Cth is the most diverse, while Sfl-Sdy and Eco5-Eco6 are the least diverse. After that, we simulated the expected distribution of match length at given sequence divergence and functional constraints with no indels allowed. It is shown that the number of imperfect matches increases when the homologous pairs are more diverse ( Figure S3 ) and the query sequences are shorter ( Figure S4 ). Compared with the simulated data, reciprocal best BLASTP hits show a significantly higher level of length variation than expected. The most extreme case is the Sfl-Sdy pair, which has a remarkably low level of sequence divergence ( Figure S2) but a significantly high level of length variation ( Figure S1 ). The K s /K s ratios in the Sfl-Sdy pair are significantly higher than those in either Eco5-Eco6 or Efe-Sen (each with P , 0.0001 in a Wilcoxon rank test), suggesting that many genes are under relaxed functional constraints in at least one of the two genomes in Sfl-Sdy. In fact, the Shigella flexneri genome (Sfl) has been documented to undergo genome reduction and gene pseudogenization (Wei et al. 2003; Lerat and Ochman 2004; Dagan et al. 2006) . The high level of length variation in the Cph-Cth pair can be explained in part by the high degree of sequence divergence. Importantly, the observed level of length variation in all genome pairs is always higher than that of the simulated data at a similar level of sequence divergence. Some of the inflated length variation could have been introduced by problematic annotations. However, during the annotation process closely related genomes are routinely used as references for gene identification and the annotations are frequently updated. It is reasonable to believe that some of the annotated genes might indeed have been affected by gene truncation. Finally we plotted the observed distribution of match length of the TBLASTN hits in the examined genomes ( Figure S5 ). It is shown that the imperfect TBLASTN hits are not uniformly distributed; instead, the number of imperfect TBLASTN hits increases as match length increases. Possible explanations would be that (1) truncated genes are selectively disadvantageous and shorter gene lengths would likely result in a greater disadvantage, and (2) some truncated genes failed to be detected and more such failures occur when longer stretches of gene sequences are missing. During the TBLASTN search, we used the longest, median, and shortest sequences from each gene family as query sequences (see Figure S5 for details). Furthermore, a smaller word size (ÀW 2) in the TBLASTN search was used in addition to the default word size (ÀW 3). It shows that using the longest, median, or shortest sequences as query sequences and using a smaller word size in the search led to remarkably similar results in our examined genomes ( Figure S5 ).
When the clade is more diverse, more gene families that were once present in the ancestral genome are lost from some descendants. Figure S6 illustrates a decreasing trend of the number of commonly present gene families (with the exception of a slight increase from E1 to E2) and an increasing trend of the number of strainspecific gene families when clades become more diverse. The most parsimonious explanation for the decrease of commonly present gene families in more diverse clades is the loss of ancient gene families during evolution. The increase of strain-specific gene families also supports the loss of some ancient genes. If genome size stays relatively constant over time, the increase of recently acquired genes should be a reflection of the decrease of ancient genes. Furthermore, the stationary probability p a appears to be greater than the observed frequency of a in each clade ( Figure S7 ). This is expected since the genes that were once present but have been deleted from all the descendants are unobservable in the current data (Table S10 ), but have been taken into account in the maximum-likelihood estimation (Equation 5). The rate variation parameter a (shown as a G in Table 2 ) has a positive association with tree length in the Pseudomonas and Bacillaceae groups ( Figure 2 ). These data are in agreement with Hao and Golding (2008b) that closely related groups tend to have high degrees of rate variation for gene insertions/ deletions among genes, while distantly related groups tend to have low degrees of rate variation for gene insertions/deletions. However, such a positive association was not found in the Escherichia and Clostridium groups. We suspect that the low divergence in the E1, E2, and C1 clades and the relatively low absolute numbers of gene insertions/deletions do not provide enough statistical power for the estimation of the rate variation parameter despite the high estimated rates. A lack of statistical power was previously documented in some phylogenetic groups with small genome sizes and/or closely related species (Hao and Golding 2008b) . Indeed, the removal of the E1, E2, and C1 clades yields a strong positive association (with P-value ¼ 0.0054) between tree length and a G in the remaining nine clades ( Figure S8 ). In the instantaneous rate matrix, a, b, and g are the rate ratios between the state pairs af, ap, and fp, respectively, and are also known as the exchangeability terms. They are plotted for each clade in Figure 3 . Here, a was fixed to be 1, and b and g were estimated under the M 0 1 p model. The trend seems to be that the b-and g-values increase as the clades become more diverse. There are two exceptions (in two clades, E1 and C3) to this trend:
1. The b-and g-values in the E1 clade are larger than those in the E2 clade. This could possibly be due to the low number of commonly present gene families in E1 ( Figure S6 ), which is very likely associated with the process of genome reduction and gene pseudogenization in the S. flexneri (Sfl) genome (Wei et al. 2003; Lerat and Ochman 2004; Dagan et al. 2006) . By contrast, the number of commonly present gene families generally decreases as the clade divergence increases. Furthermore, the similar level of divergence between E1 and E2 could potentially lead to the lack of statistical power to estimate parameters in very closely related clades as suggested in Hao and Golding (2008b) . 2. The b-value in the C3 clade is smaller than the b-value in the C2 clade. Genome size was found to vary greatly in both clades, e.g., from 2.9 to 6.0 Mb in the C2 clade and from 2.5 to 4.8 Mb in the C3 clade.
In the C2 clade, Cbe is significantly larger than the remaining four genomes, while in the C3 clade, Cno and Cte are significantly smaller than the remaining three genomes. We sought to address whether the unexpected pattern of the b-parameter in the instantaneous rate matrix could be explained by the highly variable genome sizes. A separate instantaneous rate matrix was assumed on the branches associated with the strain(s) with substantially different genome sizes (Cbe in C2, Cno and Cte in C3).
The parameters b and g are higher on the branch leading to the large genome (Cbe) and lower on the branches associated with the two small genomes (Cno and Cte), compared with on the rest of the phylogeny ( Figure S9 ). The b-values on the rest of the phylogeny are 1.224 for C2 and 1.486 for C3, and they yield an increasing trend from C1 (b ¼ 0.315 in C1) to C2 and to C3. Such a trend has been observed in Pseudomonas and Bacillaceae (Figure 3 ).
Furthermore, we computed the product of the scaled instantaneous rate matrix Q and the rate parameter m (Table S12) , which presents the instantaneous rates for all possible transitions. There is a clear trend that the instantaneous rates for all parameters increase as the clade becomes more closely related. As a part of the picture, the increased rates associated with character f in more closely related clades suggest that many truncated genes are in the process of being rapidly deleted from the genome.
We then sought to address the question whether a false diagnosis of gene absence systematically overestimates the rates of gene insertion/deletion. First, we conducted an analysis as in Hao and Golding (2006) , in which the truncated genes were classified as absent ( f / a), in a false diagnosis of gene absence in Zhaxybayeva et al. (2007) . To make a comparison, we conducted another set of analyses by forcing all truncated genes to be classified entirely as present (f / p). Maximum-likelihood estimation was then conducted for both scenarios and the MLEs are shown in Table  3 . When all truncated genes were classified as present ( f / p), rather than absent ( f / a), all 12 clades showed a lower m under the M 0 model. Under the M 0 1 p model, 5 clades (B1, C1, E1, E2, and E3) showed a lower m, while the remaining 7 clades showed a higher m. This is consistent with Hao and Golding (2008a) that the effect of false diagnosis of gene absence does not lead to a systematic bias but rather has a more complicated effect. As expected from the change of the frequency of state a, the stationary probability p a became smaller in every clade after all truncated genes were classified as present, compared with when truncated genes were classified as absent. Finally, gene insertion/deletion rates were distinguished on different parts of the phylogeny, namely between external branches and internal branches (as shown in Figure 4 ). Table 4 shows that nine clades have significant improvement when rates on external branches and internal branches were distinguished. All nine clades show higher rates of gene insertions/ deletions on external branches than on internal branches. Similar results were observed previously in Bacillaceae strains, Streptococcus strains, and Corynebacterium strains Marri et al. 2006 Marri et al. , 2007 . The three clades that do not show significant improvement are B2, B3, and C3 (Table 4) , and they are the three most diverse clades in the study (Table 1 and Figure 2 ). Since most of the dynamics of gene insertions/ deletions occur at the tip of the phylogeny (Hao and Golding 2006, 2008b) , it is perhaps not surprising that little or no difference in the rates of gene insertions/ deletions was found between external branches and internal branches in such diverse clades. In fact, substantially different results were observed on gene gains/ losses by applying similar parsimony methods on distantly related species (Mirkin et al. 2003) vs. on closely related species (Hao and Golding 2004) . DISCUSSION Here, we are primarily interested in modeling gene insertions/deletions with consideration for truncated genes. We have not attempted to infer the functionality of any truncated genes. First, there has never been a standard criterion in the literature for pseudogene identification (Chain et al. 2004; Lerat and Ochman 2004) . Second, detection of pseudogenes requires extensive knowledge of each gene's transcription and its protein's function but this is beyond the scope of this study. Finally, the boundary between gene and pseudogene might rather be ambiguous (Zheng and Gerstein 2007) . Presence of an annotated gene within a genome does not necessarily suggest its functionality, but ironically, some shortened homologs might still carry out some function (Ogata et al. 2001 ). Table 1 . Horizontal scale bar indicates genome size.
Our current study classifies genes into three categories (presence/absence/fragment) and makes no attempt to examine any sequence divergence at the gene or subgenic levels. If a whole gene or a fraction of it was replaced via a lateral transfer with a similar gene, the methods employed here would fail to detect these transfers. In other words, homologous recombination (HR) would not directly contribute to any rate changes under our current model. However, if HR has occurred in the genes we used for phylogeny reconstruction, it might affect the maximum-likelihood estimates (MLEs) since our estimation was based on the gene phylogeny (e.g., t in Equation 4 is branch length). The effect of such HRs on the MLEs is likely complex. If HR has occurred between two examined genomes in a clade and the observed sequence diversity is likely to have been diminished, the branch lengths on the gene phylogeny would have been underestimated and the estimated rates of gene insertions/deletions might have been overestimated. If HR has occurred between one examined genome and any unsampled distantly related genome, the recombined branch length would have been overestimated and, as a result, the estimated rates of gene insertions/deletions might have been underestimated. If HR has occurred and even altered the branching order(s), the estimated rates of gene insertions/deletions would likely have been overestimated, since one generally expects to infer more evolutionary events on a less parsimonious tree. If HR has occurred in the combination of two scenarios or more, the effect on the MLEs could be even more complex. In our study, the phylogeny of each clade was constructed using concatenated sequences of a large number of single-copy genes. Although not completely immune to lateral transfer (Yap et al. 1999; Brochier et al. 2000) , commonly present single-copy genes have been shown to exhibit mostly vertical descent (Hooper and Berg 2003; Wellner et al. 2007 ). We therefore believe that the effect of any potential HRs in the genes used for phylogeny reconstruction should be small.
As in previous studies (Hao and Golding 2006, 2008b; Cohen et al. 2008) , we initially assumed a constant rate of gene insertions/deletions on each phylogeny. This simplifying assumption is not realistic. À20 and match length $85%, while open symbols represent MLEs using a criterion of E-value #10 À10 and match length $70%. The four groups are sorted from the least diverse group (Escherichia) on the left to the most diverse group (Bacillaceae) on the right. Although shown along with three estimates, tree length is not an estimate from the gene insertion/deletion model. Indeed, it is the sum of branch lengths based on nucleotide substitution and used as an indicator for the degree of divergence in the clade. b This is the shape parameter in a G-distribution, which is traditionally described as a.
The use of a G is to distinguish it from the symbol a used in the instantaneous rate matrix. 
Since the number of gene insertions/deletions is proportional to mt, here t is the branch length; when the rate of gene insertions/deletions m is constant, the number of gene insertions/deletions would be proportional to the corresponding branch length. The assumption of a constant rate m would result in a bias that high numbers of gene insertions/deletions are inferred on the fast-evolving branches. This bias exists as long as the members of a clade do not evolve at the exact same rate. Clearly, the members in each studied clade do not all evolve at the exact same rate since none of the studied clades support a strict molecular clock tree (Figure 1) . Furthermore, previous studies have shown that the inferred rates of gene insertions/deletions are not constant, and instead, recent branches tend to have higher numbers of gene insertions/deletions . Given the use of a simplifying model in the study, it is essential to address the robustness of the results upon such an assumption. Our findings reveal that there is a strong negative association between the rate parameter m and the degree of divergence in the clade (Figure 2 ). The same trend was found in a previous study on groups with different sets of genomes (Hao and Golding 2008b) . Both studies showed that closely related clades tend to have high rates of gene insertions/deletions, suggesting many recently transferred genes are to be rapidly deleted from the genome. Importantly, the same conclusion can be drawn by comparing the rates of gene insertions/deletions between recent branches and ancient branches in the same phylogeny. Table 4 shows that the rates of gene insertions/deletions on external branches, when significant, are always higher than those on internal branches. This pattern has also been found in Hao and Golding (2006) and Marri et al. (2006) . Furthermore, branch lengths, when estimated from the sequence data, have often been systematically overestimated on recent branches (Ho et al. 2005) . In our study, we observed high rates of gene insertions/deletions on recent branches. One can easily imagine that the high rates of gene insertions/deletions on recent branches will be further inflated after correcting for the overestimation of the recent branch lengths.
Currently our method assumes reversibility in the transition processes among genes present (p), fragment (f ), and absent (a). This is not likely realistic. For instance, the transition from p to f could easily be explained by gene truncation, while the reverse is not so clear. In our data, the state changes from f to p could result from homologous recombination or acquisition of a new full-length homolog. First, homologous recombination has been widely reported in bacterial genomes, especially between closely related strains (Guttman and Dykhuizen 1994; Gogarten et al. 2002; Fraser et al. 2007; Lefebure and Stanhope 2007) , and recombination could involve long stretches of sequences (Didelot et al. 2007; Sheppard et al. 2008) . When the recombinant sequences are long, truncated genes embedded in the recombinant region could potentially be converted to full-length genes. Second, the three different states are for gene families rather than for individual genes, and full-length genes with ''truncated'' paralogs are always classified as p. As a consequence, acquisition of full-length homolog(s) will result in the change of gene state from f to p. Since the rates of gene insertions are high and genes with high duplicability are more prone to gene transfer (Wellner et al. 2007) , it should be appropriate to consider the transition from f to p. Although the transitions and their reverse forms are all possible, there is no good reason to believe that the actual transitions are mathematically reversible. Our current model assumes reversibility and assigns a single instantaneous rate parameter to both directions of each transition. For instance, the instantaneous rate parameter for the state pair fp is g (Equation 1 ). Further improvement can be made in future studies by distinguishing the two directions of each transition and ultimately introducing an irreversible rate matrix. Future studies by incorporating an irreversible rate matrix Figure 3 .-Estimated parameters of the instantaneous rate matrix in each clade. As described in methods, a was fixed to be 1, and b and g were estimated under the M 0 1 p model.
would be able to further improve the MLEs and address how asymmetric each transition is in the instantaneous rate matrix. In the data f 's are very much outnumbered by a's and p's (Table S2, Table S3, Table S4, Table S5,  Table S6, Table S7, Table S8, and Table S9 ). We suspect that the asymmetry between f and p and between f and a might not result in dramatic changes of MLEs when genome size remains roughly constant. On the flip side, when genome size varies significantly among taxa, models incorporating an irreversible rate matrix would be highly desirable. Furthermore, our current study assumes one instantaneous rate matrix on the entire phylogeny. This is also not likely realistic, especially when genome size varies among genomes (as shown in Figure S9 ). A more thorough study on genome size variation is in progress and will be reported later. Future studies by incorporating an irreversible rate matrix would shed new light on understanding the dynamics of genome size during bacterial genome evolution.
This study models insertions/deletions (or gains/ losses) of gene families and requires the identification of the full-length gene in at least one genome in each examined clade. Recently Didelot et al. (2009) presented a method to reconstruct genomic flux on the basis of raw genomic sequences without relying on gene identification. In their study, each sequence rather than each gene was treated as a unit and sequence gains/ losses were modeled on the basis of the presence or the absence of each sequence unit. One advantage of their method is its ability to model genomic flux beyond the gene boundary, since gene transfer could occur both at subgenic levels (Riley and Labedan 1997; Miller et al. 2005; Chan et al. 2009 ) and in large gene clusters (Lawrence 1999) . However, their model, as with previous models that consider a gene family as a unit, does not allow any intermediate states other than sequence presence or absence. In contrast, our study identifies truncated genes by comparing the full-length gene in a closely related species and should yield more accurate estimates of gene insertion/deletion events. Adding an intermediate state and considering insertions/deletions in the unit of genes, our method has a potential to model gene decay, which could be frequent and rapid in some genomes (Cole et al. 2001; Dagan et al. 2006) .
It is noteworthy that the rates of gene insertion/ deletion were estimated from the data of currently present gene families. If gene deletion largely takes place in recently transferred genes, the number of anciently transferred genes will decrease during the course of evolution and will be reflected by a small number of gene gains or a slow rate of gene gains/losses in estimations (for a detailed illustration, see Hao and Golding 2010) . This study reveals that closely related clades have high rates of gene insertions/deletions, while distantly related clades have low rates of gene insertions/deletions (Figure 2 ). This suggests that the fate of many recently transferred genes is to be deleted from the genome. When rates were distinguished between external branches and internal branches, the rate on external branches is, when significant, always higher than the one on internal branches (Table 4) . These data are consistent with our previous observations (Hao and Golding 2004, 2006 ) that many of the recently transferred genes have a fast turnover. Several lines of evidence have previously documented that truncated genes are involved in the fast turnover of laterally transferred genes. An early study has shown that truncated genes arose from failed lateral gene transfer events (Liu et al. 2004) . We reported that many of the truncated genes are recently acquired into the host genome (Hao and Golding 2008a) and are associated with gene translocation and gene deletion (Hao and Golding 2009) . To address whether a false diagnosis of gene absence leads to systematic overestimation of any estimates, the maximum-likelihood estimates considering truncated genes were compared with the estimates after forcing truncated genes to be classified as either absent or present ( Figure 5 ). Classifying truncated genes as absent does not always yield smaller rates (m) than classifying truncated genes as present. As suggested in Hao and Golding (2008a) , the effect of false diagnoses is not systematically biased, but rather complex. A more thorough understanding of the effect of false diagnoses requires further studies. Under the M 0 1 p model in the study, the rate parameter m with truncated genes is almost always (with one exception in C3) slightly higher than the rate when classifying truncated genes as either absent or present (Figure 4) . We believe that the higher rates observed when considering truncated genes are likely due to the richness of parameters. An analogous situation is often seen in observing greater nucleotide substitution distances when the substitution model is more parameter rich [e.g., from JC ( Jukes and Cantor 1969) to K2P (Kimura 1980 ) and then to HKY (Hasegawa et al. 1985) ].
The expected equilibrium frequencies of the three character states (p a , p f , p p ) were also assumed to be the frequencies at the ancestral node. Although the stationary probabilities are associated with the empirical frequencies of the character states in the data, they may deviate from the empirical frequencies since the stationary probabilities have taken into account the gene families that were once present in the ancestral genome but are no longer observable in the current data. One should expect a higher frequency of a in the stationary probability than in the empirical data. In fact, the stationary probability p a is always higher than the observed frequency of a ( Figure S7 ). One should not misinterpret it as any systematic bias that might favor more gene losses. In the results, the stationary probability p a is positively associated with the tree length of each clade (Figure 2 ). These data suggest that a large number of ancient gene families have been lost in highly diverse clades, while only a small number of ancient gene families have been lost in low diversity clades. However, the large value of p a in a more diverse clade might not necessarily suggest a smaller ancestral genome size of the clade, since an accurate estimation of ancestral genome size relies on the total number of gene families including the absolute number of unobservable patterns. When truncated genes were forced to be classified as present, the estimate of p a became smaller in every clade compared to when truncated genes were considered. While if truncated genes were forced to be classified as absent, the estimate of p a became larger in every clade compared to when truncated genes were considered (Figure 2 ). These estimates might be a reflection of the change of frequency of state a among clades.
It is widely acknowledged that gene family data contain phylogenetic signals (Fitz-Gibbon and House 1999; Snel et al. 1999; Tekaia et al. 1999 ) and many studies have used such data for the reconstruction of phylogenetic trees (Dutilh et al. 2004; Gu and Zhang 2004; Huson and Steel 2004; Zhang and Gu 2004; Spencer et al. 2007a,b) and phylogenetic topologies in more complex forms (Rivera and Lake 2004; Lake 2008) . Even though the primary purpose of our study is to infer the dynamics of gene content during bacterial genome evolution, the model incorporating truncated genes could be potentially applied for phylogeny reconstruction using gene family data. We note that using three characters (p, f, a), compared with using only two characters (p, a) increased the -ln L values (Tables 2 and  3) . In Figure S10 , we plotted the -ln L values of using two gene characters against the ln L differences after adding the third gene character f. It is clear that there is a significantly positive association between the -ln L values and the ln L differences. This suggests a significant improvement in the probability of observing the data given three rather than two characters.
Given the nature of high rates of gene insertions/ deletions in closely related species and low rates of gene insertions/deletions in distantly related species, the model presented in this study is expected to be useful among closely related taxa but less so for deep phylogeny questions.
The results from the improved model reveal fast rates of gene insertions/deletions/truncations on recent branches. This holds true when comparing different rates both between internal branches and external branches and among clades with different levels of divergence. The estimates of the rate ratio parameters suggest that many recently truncated genes are in the process of being rapidly deleted from the genome. We also demonstrated that using simplifying models, in which truncated genes are classified as absent, does not result in a systematic bias, but has a complex effect on rate estimates. Furthermore, the improved model is sensitive to the variation of genome size, and it opens the door to more thorough and comprehensive studies on the variation and dynamics of genome size during bacterial genome evolution.
We thank the anonymous reviewers for their helpful comments on previous versions of this manuscript. This work was supported by a Natural Sciences and Engineering Council of Canada (NSERC) postdoctoral fellowship to W.H. and an NSERC research grant to G.B.G. Escherichia Pseudomonas FIGURE S1.-Distribution of length variation in reciprocal best BLASTP pairs. From each clade, one closely related genome pair (the two innermost taxa) and one distantly related genome pair (the two outermost taxa on the phylogeny) were analyzed. All homologs are required to have an E-value < 10 −10 and only annotated genes were examined. Gene pairs were sorted by match length and divided by the total number (shown in parentheses). A vertical line was drawn at the lower 5% of the number of gene pairs and two horizontal lines were drawn at the match length of 85% and 70% respectively. B1  B2  B3  C1  C2  C3  E1  E2  E3  P1  P2  P3   B1  B2  B3  C1  C2  C3  E1  E2  E3  P1  P2  P3 FIGURE S2.-Distribution of DNA distance and Ka/Ks (ω) ratio in reciprocal best BLASTP pairs. The gene pairs are from the distantly related genome pair (the two outermost taxa) in each clade as in Figure S .5. DNA distance was measured by DNADIST in the PHYLIP package, while the Ka/Ks ratio was measured by the Yang and Nielsen (2000) method, using yn00 in the PAML package. FIGURE S3.-Distribution of match length of TBLASTN hits in simulated sequences. Nucleotide sequences (350 aa in length) were simulated using evolver in the PAML package. Substitutions were introduced at given DNA distance and different ω (Ka/Ks) ratios to generate "evolved" sequences and no indels were allowed. Then the "ancestral" protein sequences were used as query sequences to TBLASTN the "evolved" DNA sequences and the best TBLASTN hits were plotted. Homologs were determined by a series of E-values (10 −20 , 10 −15 , 10 −10 , and 10 −05 ) and the number of hits was shown in parentheses. 1000 iterations were conducted for each set of parameters. FIGURE S4.-Distribution of match length of TBLASTN hits associated with the length of the query sequences in simulated sequences. DNA distance was fixed to be 1.5 (D = 1.5) with ω = 0.1. Three settings (100 aa, 200 aa, and 300 aa) for sequence length were simulated. Homologs were determined by a series of E-values (10 −20 , 10 −15 , 10 −10 , and 10 −05 ) and the number of hits was shown in parentheses. 1000 iterations were conducted for each set of parameters. FIGURE S5.-Distribution of match length of TBLASTN hits. Query sequences (shortest, median, and longest in length) were chosen from each gene family clustered using parameters of E-value < 10 −20 and match length > 85%, and a TBLASTN search in a genome was conducted when the genome does not have any annotated gene clustered in the family. Searches were performed using either the default (-W 3) or reduced (-W 2) parameter for word size. The numbers presented here are TBLASTN hits with an E-value < 10 −20 in each clade (containing 5 genomes). FIGURE S9.-MLEs in the C2 (A) and C3 (B) clades when different transition matrices were considered on the branches associated with the strains with substantially different genome sizes. In the C2 clade, the branch leading to Cbe is colored in red. In the C3 clade, the Cno and Cte branches and the branch leading to their common ancestor are colored in green. The calculation of ∆AIC was shown in Table 2 . Tables 2 and 3 . Both scenarios f → p (A,C) and f → a (B,D) were plotted for the two-character models. When 'f ' was treated as 'p' (B,D), the E1 clade stands out as an outlier. This is likely, at least in part, due to the large number of pseudogenes in the Sfl genome in E1. Phylogenetic patterns in the Bacillaceae group (using a cutoff threshold of E-value ≤ 10 −20 and match length ≥ 85%)
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TABLE S3
Phylogenetic patterns in the Clostridium group (using a cutoff threshold of E-value ≤ 10 −20 and match length ≥ 85%)
TABLE S4
Phylogenetic patterns in the Escherichia group (using a cutoff threshold of E-value ≤ 10 −20 and match length ≥ 85%)
TABLE S5
Phylogenetic patterns in the Pseudomonas group (using a cutoff threshold of E-value ≤ 10 −20 and match length ≥ 85%)
TABLE S6
Phylogenetic patterns in the Bacillaceae group (using a cutoff threshold of E-value ≤ 10 −10 and match length ≥ 70%)
TABLE S7
Phylogenetic patterns in the Clostridium group (using a cutoff threshold of E-value ≤ 10 −10 and match length ≥ 70%)
TABLE S8
Phylogenetic patterns in the Escherichia group (using a cutoff threshold of E-value ≤ 10 −10 and match length ≥ 70%)
TABLE S9
Phylogenetic patterns in the Pseudomonas group (using a cutoff threshold of E-value ≤ 10 −10 and match length ≥ 70%) . By definition, AIC = 2(-lnL + K), where K is the number of parameters that are estimated from the data, thereafter, ∆AIC = 2(-∆lnL + ∆K). The model that best approximates the data is the one with smallest AIC.
§ The number of gene families for each clade is shown in parenthesis underneath the clade name. 
